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METHOD AND DEVICE FOR 
PROBABILISTIC OBJECTIVE ASSESSMENT 

OF BRAIN FUNCTION 

TECHNICAL FIELD 

[0001] The present invention relates to the ?eld of neuro 
logical evaluation, and speci?cally, to a portable apparatus 
and method for objective assessment of brain function using 
numerical indices or maps indicative of brain abnormalities. 

BACKGROUND 

[0002] The brain performs the most complex and essential 
processes in the human body. Surprisingly, contemporary 
health care lacks sophisticated tools to objectively assess 
brain function at the point-of-care. A patient’s mental and 
neurological status is typically assessed by an intervieW and a 
subjective physical exam. Clinical laboratories currently have 
no capacity to assess brain function or pathology, contribut 
ing little more than identi?cation of poisons, toxins, or drugs 
that may have externally impacted the central nervous system 
(CNS). 
[0003] Brain imaging studies, such as computed tomogra 
phy (CT) and magnetic resonance imaging (MRI) are Widely 
used to visualiZe the structure of the brain. HoWever, CT scan 
and MRI are anatomical tests and reveal very little informa 
tion about brain function. For example, intoxication, concus 
sion, active seiZure, metabolic encephalopathy, infections, 
and numerous other conditions (e. g. diabetic coma) shoW no 
abnormality on CT scan. A classical stroke, or a traumatic 
brain injury (TBI), may not be immediately visible in an 
imaging test even if there is a clear and noticeably abnormal 
brain function. Similarly, diffuse axonal injury (DAI), related 
to shearing of nerve ?bers Which is present in a majority of 
concussive brain injury cases, can remain invisible on most 
routine structural images. If undetected at an early stage, 
sWelling or edema from DAI can subsequently lead to coma 
and death. 
[0004] Functional MRI (MRI) is a recent improvement 
over MRI, Which provides relative images of the concentra 
tion of oxygenated hemoglobin in various parts of the brain. 
While the concentration of oxygenated hemoglobin is a use 
ful indication of the metabolic function of speci?c brain 
regions, it provides very limited or no information about the 
underlying brain function, i.e., the processing of information 
by the brain, Which is electrochemical in nature. 
[0005] Further, CT and MRl/fMRl testing devices are not 
?eld-deployable due to their siZe, poWer requirements and 
cost. These assessment tools play an important role in 
selected cases, but they are not universally available, require 
experienced personnel to operate, and they do not provide 
critical information at the early stages of acute neurological 
conditions. Current technologies are unable to provide the 
immediate information critical to timely intervention, appro 
priate triage, or the formulation of an appropriate plan of care 
for acute brain trauma. Unfortunately, the brain has very 
limited capacity for repair, and thus time-sensitive triage and 
intervention is very important in treating brain injuries. 
[0006] Currently, emergency room patients With altered 
mental status, acute neuropathy, or head trauma must undergo 
costly and time-consuming tests to determine an appropriate 
course of treatment. Unfortunately, in many cases, the clinical 
condition of patients continue to deteriorate as they Wait for 
equipment to become available or for specialists to interpret 
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tests. The problem that faces ER physicians is that their 
resources are limited to a subjective physical exam using a 

?ashlight and a re?ex hammer, and all of the physician’s 
decisions concerning the administration of emergency treat 
ment, additional consultation by a neurologist, or patient 
discharge, are based on the results of this simplistic exam. 
Often, ER patients are sent for imaging studies, yet many 
functional brain abnormalities, as discussed earlier, are not 
visible on a CT scan or MRI. Some abnormalities Which 

eventually have anatomical and structural consequences 
often take time to become visible on an imaging test. This is 
true for many important conditions, such as ischemic stroke, 
concussion, raised intracranial pressure, and others. This 
indicates the need for real-time, functional brain state assess 
ment technology, Which can be performed in the ER, or in an 
ambulatory setting, and can detect emergency neurological 
conditions hours ahead of the standard clinical assessment 
tools available today. 
[0007] All of the brain’s activities, Whether sensory, cogni 
tive, emotional, autonomic, or motor function, is electrical in 
nature. Through a series of electrochemical reactions, medi 
ated by molecules called neurotransmitters, electrical poten 
tials are generated and transmitted throughout the brain, trav 
eling continuously betWeen and among the myriad of 
neurons. This activity establishes the basic electrical signa 
tures of the electroencephalogram (EEG) and creates identi 
?able frequencies Which have a basis in anatomic structure 
and function. Understanding these basic rhythms and their 
signi?cance makes it possible to characterize the electrical 
brain signals as being Within or beyond normal limits. At this 
basic level, the electrical signals serve as a signature for both 
normal and abnormal brain function. Just as an abnormal 
electrocardiogram (ECG) pattern is a strong indication of a 
particular heart pathology, an abnormal brain Wave pattern is 
a strong indication of a particular brain pathology. 

[0008] Even though EEG-based neurometric technology is 
accepted today in neurodiagnostics, its application in the 
clinical environment is notably limited. Some of the barriers 
limiting its adoption include: the cost of EEG equipment, the 
need for a skilled technician to administer the test, the time it 
takes to conduct the test, and the need for expert interpretation 
of the raW data. More importantly, the lack of portability of 
this technology makes it infeasible for point-of-care applica 
tions. A fully-equipped diagnostic EEG instrument typically 
costs around $80,000. Despite the high costs, the instrument 
produces essentially raW Waveforms Which must be carefully 
interpreted by an expert. Moreover, use of the standard EEG 
equipment remains extremely cumbersome. It can take 30 
minutes or more to apply the required 19 electrodes. Once a 
subject is prepared for the test, the EEG recording can take 
from 1 to 4 hours. Data is collected and analyZed by an EEG 
technician, and is then presented to a neurologist for interpre 
tation and clinical assessment. This makes the currently avail 
able EEG equipment inadequate for neuro -triage applications 
in emergency rooms or at other point-of-care settings. Thus, 
there is an immediate need for a portable brain state assess 
ment technology to provide rapid neurological evaluation and 
treatment guidance for patients With acute brain injury or 
disease, so as to prevent further brain damage and disability. 
Additionally, there is a need for objective quanti?cation of 
brain functionality in order to enable clinicians, EMTs or ER 
personnel, Who are not Well trained in neurodiagnostics, to 
easily interpret and draW diagnostic inferences from the 
recorded data. This in turn Will help the medical personnel in 
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selecting an immediate course of action, prioritizing patients 
for imaging, or determining if immediate referral to a neu 
rologist or neurosurgeon is required. 

SUMMARY 

[0009] The present disclosure describes a method and 
apparatus for objective assessment of the brain state of a 
subject using electrical brain signals. A ?rst aspect of the 
present disclosure includes a method of assessing brain state 
by recording electrical brain signals of the subjects using at 
least one electrode, extracting quantitative features from the 
recorded brain electrical signals, classifying the extracted 
features into brain states, and computing a probabilistic index 
of the accuracy of classi?cation. 
[0010] A second aspect of the present disclosure includes a 
portable brain state assessment device using BxTM technol 
ogy, Which includes a headset comprising a plurality of brain 
electrical-signal-detecting electrodes, and a handheld base 
unit operatively coupled to the headset, the base unit com 
prising a processor con?gured to extract quantitative features 
from the recorded signal, classify the extracted features into 
brain states, and compute probabilistic indices indicating the 
accuracy of the classi?cation. The portable device further 
comprises a display unit to provide a visual display of the 
classi?ed brain state and the probabilistic indices. 
[0011] It is to be understood that both the foregoing general 
description and the folloWing detailed description are exem 
plary and explanatory only and are not restrictive of the inven 
tion, as claimed. 
[0012] The accompanying draWings, Which are incorpo 
rated in and constitute a part of this speci?cation, illustrate 
embodiments of the invention and together With the descrip 
tion, serve to explain the principles of the various aspects of 
the invention. 

BRIEF DESCRIPTION OF DRAWINGS 

[0013] FIG. 1 illustrates a device for recording and process 
ing electrical brain signals to assess the brain state of a subject 
according to an exemplary embodiment consistent With the 
present invention. 
[0014] FIGS. 2A and 2B illustrate the performance of a 
normal/abnormal classi?er for a sample group of 396 sub 
jects. 
[0015] FIG. 2C illustrates the distribution of discriminant 
outputs (scores) for a normal/ abnormal classi?er for a sample 
group of 396 subjects. 
[0016] FIGS. 3A and 3B shoW Classi?cation Accuracy 
curves for a normal/ abnormal classi?er for a sample group of 
396 subjects. 
[0017] FIG. 3C illustrates a non-linear S-shaped mapping S 
for a normal/abnormal classi?er Which is data-driven and is 
used to convert the scalar output of a linear discriminant 
function into an objective probabilistic index (BAI). 
[0018] FIG. 4A shoWs the evolution of discriminant out 
puts as a function of number of acquired clean signal epochs, 
and the corresponding evolution of the BAI index, for a nor 
mal/abnormal classi?cation in case of a subject diagnosed 
With a “stroke”. 

[0019] FIG. 4B shoWs the evolution of discriminant outputs 
and the corresponding evolution of the BFI index, for a focal/ 
diffuse classi?cation in case of a subject diagnosed With a 
“stroke”. 
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[0020] FIG. 5 shoWs the evolution of discriminant outputs 
and the corresponding evolution of the BAI index, for a nor 
mal/abnormal classi?cation in case of a “normal” subject. 
[0021] FIG. 6 illustrates a graphic data screen for a device 
for recording and processing brain electrical signals accord 
ing to an exemplary embodiment consistent With the present 
invention. 
[0022] FIG. 7 illustrates Brain Abnormality Vectors pre 
sented on a BrainScope Index Map (BIM) for three different 
subjects. 
[0023] FIG. 8 illustrates a Brain Abnormality Vector on a 
BrainScope Index Map (BIM) for tracking the recovery or 
disease progression in a subject. 
[0024] FIG. 9 illustrates a Brain Abnormality Pro?le for a 
subject suffering from multiple brain function disorders. 

DETAILED DESCRIPTION 

[0025] Reference Will noW be made in detail to embodi 
ments consistent With the present disclosure, examples of 
Which are illustrated in the accompanying draWings. Wher 
ever possible, the same reference numbers Will be used 
throughout the draWings to refer to the same or like parts. 
[0026] In an exemplary embodiment, data corresponding to 
brain electrical activity is used to assess the brain function of 
a subject. The electrical brain signals are measured and ana 
lyZed at the point-of-care using a portable brain-state assess 
ment device developedusing BxTM technology. In accordance 
With an exemplary embodiment of the BxTM technology, a 
subject’s electrical brain activity is recorded using a varying 
number of non-invasive electrodes located at standardiZed 
positions on the scalp and forehead, and the subject’s brain 
electrical signals are assessed With reference to one or more 
databases. For example, collected normative data, indicative 
of normal brain electrical activity, is used to establish quan 
titative features Which clearly distinguish brain signals pro 
duced in the presence and absence of brain disorders. This 
normative dataset includes brain activity data of a control 
group or population comprising of individuals similar to the 
subject in one or more aspects, such as age, gender, etc. The 
collected normative database employed by the inventor has 
been shoWn to be independent of racial background and to 
have extremely high test-retest reliability, speci?city (loW 
false positive rate) and sensitivity (loW false negative rate). 
[0027] In accordance With embodiments consistent With 
the present disclosure, FIG. 1 shoWs a brain-state assessment 
device 10 for acquiring and processing brain electrical signals 
using BxTM technology, and providing an evaluation of the 
subject’s brain functionality. In an exemplary embodiment, 
the brain-state assessment device is implemented as a por 
table device to facilitate point-of-care applications. This 
device consists of a patient sensor 40 Which may be coupled 
to a base unit 42, Which can be handheld, as illustrated in FIG. 
1. Patient sensor 40 includes an electrode array 35 comprising 
at least one disposable neurological electrode to be attached 
to a patient’s head to acquire brain electrical signals. The 
electrodes are con?gured for sensing both spontaneous brain 
activity as Well as evoked potentials generated in response to 
applied stimuli, e.g., audio, visual or tactile stimuli. A sim 
plest embodiment of the apparatus comprises of ?ve (active) 
channels and three reference channels. The electrode array 35 
consists of anterior (frontal) electrodes: F1, F2, F7, F8, F2‘, 
and FpZ (reference electrode) to be attached to a subject’s 
forehead, and electrodes A1 and A2 to be placed on the front 
or back side of the ear lobes, in accordance With the Intema 
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tional 10/20 electrode placement system (With the exception 
of F2‘). The use of a limited number of electrodes enables 
rapid and repeatable placement of the electrodes on a subject, 
Which in turn facilitates e?icient, and more accurate, patient 
monitoring. Further, in one embodiment, the electrodes may 
be positioned on a loW-cost, disposable platform, Which can 
serve as a “one-siZe-?ts-all” sensor. For example, electrodes 

35 may be positioned on a head gear that is con?gured for 
easy and/or rapid placement on a patient. Other electrode 
con?gurations may be utiliZed as and When required, as 
Would be understood by those of ordinary skill in the art. 
[0028] The base unit 42 primarily includes an analog elec 
tronics module 30, a digital electronics module 50, user inter 
face 46, stimulus generator 54 and battery 44 as illustrated in 
FIG. 1. The analog electronics module receives signals from 
one or more of the neurological electrodes operatively con 
nected through the electrical cable 41a. The analog module is 
con?gured to amplify, ?lter, and preprocess the analog Wave 
forms acquired from the electrode channels. The analog mod 
ule 30 may further include an analog-to-digital converter 
(ADC) to digitiZe the received analog signal. Digital electron 
ics module 50 can then process the digitiZed data acquired 
through analog module 30 and can perform data analysis to 
aid in interpretation of data pertaining to brain electrical 
activity. Further, as shoWn in FIG. 1, the digital electronics 
module 50 may be operatively connected With a number of 
additional device components. 
[0029] The digital electronics module 50 comprises a digi 
tal signal processor (DSP) 51 for processing the data corre 
sponding to the acquired brain electrical signals, and a 
memory 52 Which stores the instructions for processing the 
data, such as a DSP algorithm. The processor 51 is con?gured 
to perform the folloWing tasks: 
[0030] a) Automatic identi?cation and removal of several 
types of non brain-generated artifacts from the acquired brain 
electrical signal data; 
[0031] b) Extraction of quantitative signal features; 
[0032] c) Classi?cation based on Linear Discriminant 
Analysis (LDA), using pre-selected subsets of age-normal 
iZed features (Z-scores); and 
[0033] d) Derivation of abnormality indices indicative of a 
subject’s brain function. 
[0034] The processor 51 is con?gured to implement the 
DSP algorithm to identify data that is contaminated by non 
brain-generated artifacts, such as eye movements, elec 
tromyographic activity (EMG) produced by muscle tension, 
spike (impulse), external noise, etc. In one embodiment, arti 
fact identi?cation is performedusing as input the signals from 
the ?ve active leads Fp1, Fp2, F7, F8, F2‘ referenced to linked 
ears (A1+A2)/2, and sampled at 100 HZ. Incoming data 
epochs of 2.56 seconds (256 samples per epoch) are split into 
8 basic data units (sub-epochs) of length 320 ms (32 data 
points per sub-epoch). Artifact identi?cation is done on a 
per-sub-epoch basis and guard bands are implemented 
around identi?ed artifact segments of each type. Artifact-free 
epochs are then constructed from at most tWo continuous data 
segments, With each data segment being no shorter than 960 
ms (Which corresponds to the time span of 3 contiguous 
sub-epochs). The resulting artifact-free data is then processed 
to extract signal features and classify the extracted features to 
provide an assessment of brain function. In another embodi 
ment, denoising is performed using a signal processing 
method described in commonly-assigned U.S. patent appli 
cation Ser. No. 12/106,699, Which is incorporated herein by 
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reference in its entirety. In one embodiment consistent With 
the present disclosure, the artifact identi?cation and rejection 
algorithm folloWs the folloWing steps: 
[0035] a. Transforming the signal into a plurality of signal 
components; 
[0036] b. Computing fractal dimension of the components; 
[0037] c. Identifying noise components based on their frac 
tal dimension; 
[0038] d. Automatically attenuating the identi?ed noise 
components; 
[0039] e. Reconstructing a denoised signal using inverse 
transform. 
[0040] The input analog brain electrical signal is at ?rst 
digitiZed and then deconstructed into its constitutive coeffi 
cients using a linear or non-linear signal transformation 
method, such as Fast Fourier Transform, Independent Com 
ponent Analysis (ICA)-based transform, Wavelet transform, 
Wavelet packet transform etc. The fractal dimensions of the 
coef?cients are then calculated in the transform domain, and 
the coef?cients that have a fractal dimension higher than a 
preset threshold value are attenuated. The intact and re-scaled 
coef?cients are then remixed using an inverse signal trans 
form to generate a denoised signal, Which is further processed 
to extract signal features and classify the extracted features. 
[0041] Processor 51 is con?gured to execute instructions 
contained in memory 52 to perform an algorithm for quanti 
tative feature extraction from denoised signals. The feature 
extraction algorithm takes as input a number of “artifact-free” 
or “denoised” epochs having a temporal length of 2.56 sec 
onds, Which corresponds to 256 samples for data sampled at 
100 HZ. In an exemplary embodiment, processor 51 is con 
?gured to perform a linear feature extraction algorithm based 
on Fast Fourier Transform (FFT) and poWer spectral analysis, 
according to a method disclosed in commonly-assigned U.S. 
patent application Ser. Nos. 11/195,001 and 12/041,106, 
Which are incorporated herein by reference in their entirety. In 
short, the algorithm performs feature selection using Fourier 
transform of narroW frequency bands and calculating the 
poWer at each frequency band. The frequency composition 
can be analyZed by dividing the signal into the traditional 
frequency bands: delta (1.5-3.5 HZ), theta (3.5-7.5 HZ), alpha 
(7.5-12.5 HZ), beta (12.5-25 HZ), and gamma (25-50 HZ). 
Higher frequencies, up to and beyond 1000 HZ may also be 
used. Univariate features are computed by calculating the 
absolute and relative poWer for each of the electrodes or 
betWeen a pair of electrodes Within selected frequency bands, 
and the asymmetry and coherence relationships among these 
spectral measurements Within and betWeen the sets of elec 
trodes. The processor 51 may also be con?gured to compute 
multivariate features, Which are non-linear functions of 
groups of the univariate features involving tWo or more elec 
trodes or multiple frequency bands. The computed measures 
are normaliZed by performing age-regression and Z-transfor 
mation to obtain features (Z-scores) for discriminant analy 
S15. 

[0042] In another embodiment, processor 51 is con?gured 
to perform a linear feature extraction algorithm based on 
Wavelet transforms, such as Discrete Wavelet Transform 
(DWT) or Complex Wavelet Transforms (CWT). In yet 
another embodiment, processor 51 is con?gured to perform 
feature extraction using non-linear signal transform methods, 
such as Wavelet packet transform. The features extracted by 
this method are referred to as Local Discriminant Basis 
(LDB) features. The LDB algorithm de?nes a set of features 
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that are optimized for the statistical discrimination between 
different classes of signals. The computation of these features 
begins With the calculation of poWer spectral densities over a 
set of epochs for each electrode channel. For each subject, the 
algorithm produces one poWer spectrum for each channel, 
and quotients of the poWer spectra for each pair of channels 
are then calculated. Thus, for a 5 channel system, a set of 15 
poWer spectra per subject is produced, Which alloWs for the 
calculation of 15 distinct bases (sets of LDB vectors). The 
LDB features are then obtained by calculating a Wavelet 
packet table for each poWer spectrum using the Haar Wavelet 
function. The function is applied to both the loW pass and the 
high pass sub-bands, Which generates a tree structure provid 
ing many possible Wavelet packet bases, and accordingly, 
signals are decomposed into a time-frequency dictionary. 
[0043] In another embodiment consistent With the present 
disclosure, diffusion geometric analysis is used to extract 
non-linear features according to a method disclosed in com 
monly-assigned US. patent application Ser. No. 12/105,439, 
Which is incorporated herein by reference in its entirety. 
[0044] The extracted signal features (such as the diffusion 
geometry features, Local Discriminant Basis features, FFT 
features, etc.) are classi?ed into brain-state categories using a 
classi?cation algorithm, such as Linear Discriminant Analy 
sis (LDA). All the extracted features are age-regressed and 
Z-transformed for discriminant analysis. The LDA optimally 
combines the features (Z-scores) into a discriminant output/ 
score that possesses the maximum discriminating poWer. In 
one embodiment, the discriminant analysis used is a tWo 
category linear classi?er (also called “dichotomiZer” or 
“binary test”) Which assigns for each given subject a discrimi 
nant score (a real-valued number) betWeen 0 and 100. The 
classi?cation rule Which is commonly associated With linear 
discriminant functions is the folloWing: after a cut-offthresh 
old T is selected (for example, but not necessarily, in the 
middle of the discriminate score range i.e. TISO), the classi 
?er assigns any subject With a discriminant score géT to the 
category “brain state A” and assigns any subject With a score 
g>T to the category “brain state B.”. A score “loWer than 50” 
indicates that the subject is more likely to belong to brain state 
A than to brain state B, and vice versa. Examples of different 
classi?cation classes include, but is not limited to, normal vs. 
abnormal, organic vs. functional, focal vs. diffused, etc. The 
discriminant scores, g A and g B corresponding to classes A and 
B, are computed for any subject With the folloWing Fisher 
LDA formulas: 

[0045] Where Z denote the vector of age-regressed Z-trans 
formed features computed for any subject. Note that since 
gB:100—gA, only g A is addressed in the remainder of this 
document, and is referred to as the “discriminant output/ 
score” and simply denoted by g (or g(Z) to emphasiZe that it 
is a function of the Z-transformed features). W A and WE 
denote tWo Weight vectors that are derived from a reference 
database, and C A and CB are tWo constants Which are com 
monly called bias or threshold Weights. The Weights and 
constants entirely de?ne the linear discriminant function and 
are pre-selected using a training routine such that they result 
in the ‘best’ separation betWeen the classes. The Weights for 
the different monopolar and/or bipolar univariate and multi 
variate features may be estimated from a stored population 
reference database, such as a database comprising of popula 
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tion normative data indicative of brain electrical activity of a 
?rst plurality of individuals having normal brain state, or 
population reference data indicative of brain electrical activ 
ity of a second plurality of individuals having an abnormal 
brain state. Similarly, the Weights may be selected from a 
database of the subjects oWn brain electrical activity data 
generated in the absence or presence of an abnormal brain 
state. In some embodiments, the classi?cation task may be 
performed using one or more linear discriminant functions, 
and in such a case, the discriminant outputs may be combined 
using a majority voting rule. 
[0046] In some embodiments, the discriminant scores can 
be further converted to probabilities of correct and incorrect 
classi?cation using Receiver Operating Characteristics 
(ROC) curves, if the true classi?cation information (diagno 
sis) for a sample group is available. For a given linear dis 
criminant-based classi?er, eg of normal/abnormal brain 
function, the ROC curve indicates the sensitivity, speci?city, 
positive predictive value (PPV), and negative predictive value 
(N PV) Which can be expected from this particular algorithm/ 
classi?er at different values of the classi?cation threshold T. 
For a “Normal” vs. “Abnormal” discriminant, “Normal” may 
be referred to as “disease absent” and “Abnormal” as “disease 
present”. Using this convention, sensitivity of the classi?er is 
de?ned as the ratio of “true positives” over the number of 
subjects in the sample group for Whom “disease” is present. 
Speci?city of the classi?er is de?ned as the ratio of “true 
negatives” over the number of subjects in the sample group 
for Whom “disease” is absent. PPV is de?ned as the probabil 
ity that “disease” is present When the test result is positive, 
and NPV is de?ned as the probability that “disease” is absent 
When the test result is negative. 

[0047] As described earlier, the output of a tWo-state dis 
criminant analysis is a number g(Z) that can take any value 
betWeen 0 and 100. Once a critical value (or threshold) T is 
selected, the output of the test becomes binary, and sensitivity 
and speci?city for that particular threshold can be calculated. 
The ROC is the curve through the set of points: {(1 -speci?city 
(T), sensitivity(T))}, Which is obtained by varying the value 
of the threshold T in ?xed increments betWeen 0 and 100. 
FIG. 2A-C illustrates ROC curves and histogram of discrimi 
nant scores for a normal/abnormal classi?er comprising a 
sample group of 396 subjects. The abnormal group of 211 
subjects comprised individuals suffering from dementia, 
encephalopaties, migraine, head injury, and several other 
abnormal brain conditions. As shoWn in the FIGS. 2A and 2B, 
the ROC curves illustrate the achievable statistical perfor 
mance of the normal/abnormal classi?er for a threshold value 
T:39. The threshold T:39 Was selected to achieve the highest 
sensitivity and speci?city for the classi?cation. One of ordi 
nary skill in the art Will understand that any other type of 
classi?er (for example, Partial Least Squares classi?er, qua 
dratic classi?er, etc.) may also be used in place of LDA, and 
that the data is not sensitive to the choice of classi?er. 

[0048] In yet another embodiment, instead of producing a 
binary classi?cation result, such as a determination of “Nor 
mal” or “Abnormal” based on the discriminant score, proces 
sor 51 is con?gured to compute an index, Which re?ects the 
probability of correctness of the brain state classi?er. For 
example, in a normal vs. abnormal classi?cation, the dis 
criminant output may be represented using a probabilistic 
“Brain Abnormality Index” (BAI) instead of a binary classi 
?cation result. Similarly, for a focal vs. diffused classi?ca 
tion, the discriminant output may be represented using “Brain 
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Focality Index” (BFI), Which Would re?ect the probability of 
the classi?cation being accurate. 

[0049] The probability index is calculated using Classi? 
cation Accuracy Curves (CAC) Which are derived from the 
ROC curves described earlier. The method of calculating a 
probability index Will be explained herein using normal vs. 
abnormal classi?cation as an example. As can be seen in FIG. 
2C, the distributions of discriminant scores for subjects With 
“normal brain function” (“normals”) and subjects With 
“abnormal brain function” (“abnormals”) overlap. Therefore, 
choosing a discriminant score threshold T betWeen 0 and 100 
may result in some normal subjects being misclassi?ed as 
“abnormal” (and vice-versa). If the threshold T is reduced, the 
percentage of normal subjects being correctly classi?ed as 
“normal” (speci?city) decreases, and the percentage of 
abnormal subjects classi?ed as “abnormal” (sensitivity) 
increases. FIG. 3A shoWs the percentage of correct classi? 
cation of normal subjects as “normal” and the percentage of 
incorrect classi?cation of abnormal subjects as “normal” as 
the discriminant score threshold goes from 50 to 0. Similarly, 
FIG. 3B shoWs the percentage of correct classi?cation of 
abnormal subjects as “abnormal” and the percentage of incor 
rect classi?cation of normal subjects as “abnormal” as the 
discriminant score threshold goes from 50 to 100. These tWo 
graphs are referred to as the Classi?cation Accuracy Curves 
(CACs) for the discriminant function using the given test 
sample. Specifying tolerance for misclassi?cation in the form 
of maximum misclassi?cation percentages (eg 2%, 5%, 
10% and 20%), the corresponding discriminant score thresh 
olds can be derived from the CAC curves. In FIG. 3A, the 
thresholds: 15.4, 20.3, 33.3 and 45.1 correspond to misclas 
si?cationpercentages of 2%, 5%, 10% and 20%. That is, if the 
discriminant output threshold is selected as 15.4, only 2% of 
the abnormal subjects in the given test sample Will be incor 
rectly classi?ed as normal. Similarly, in FIG. 3B, the thresh 
olds: 85.3, 76.6, 60.7 and 52.3 correspondto misclassi?cation 
percentages of the normal subjects in the given test sample of 
2%, 5%, 10% and 20% respectively. 
[0050] The CAC curves are then used to calculate the BAI 
index Which is used to report, in probabilistic fashion, the 
result of a subject’s brain function classi?cation. The BAI 
index is an objective probabilistic classi?cation index Which 
is derived in the folloWing Way. From the CAC curve shoWing 
misclassi?cation of abnormal subjects as “normal” (also 
called false negatives), as shoWn in FIG. 3A, ?fty values of the 
classi?cation threshold (denoted T1, . . . T50) are determined, 
such that: With the discriminant threshold set at T1 the mis 
classi?cation rate of abnormals is 1% i.e. the probability of a 
subject With a discriminant score g in the range géTl of being 
normal is 99%, With the discriminant threshold set at T2 the 
misclassi?cation rate of abnormals is 2% i.e. the probability 
of a subject With a discriminant score g in the range géT2 of 
being normal is 98%, and so on. Finally, T50 is determined so 
that With the discriminant threshold set at T5O the misclassi 
?cation rate of abnormals is 50% i.e. the probability of a 
subject With a discriminant score g in the range géT5O of 
being normal is 50%. Similarly, from the CAC curve shoWing 
misclassi?cation of normal subjects as “abnormal” (also 
called false positives), as shoWn in FIG. 3B, ?fty values of the 
threshold (denoted T100, . . . T51) are determined, such that: 
With the discriminant threshold set at T 100 the misclassi?ca 
tion rate of normals is 1% i.e. the probability of a subject With 
a discriminant score g in the range g>T100 of being abnormal 
is 99%, With the discriminant threshold set at T99 the misclas 
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si?cation rate of normals is 2% i.e. the probability of a subject 
With a discriminant score g in the range g>T99 of being abnor 
mal is 98%, and so on. Finally, T51 is determined so that With 
the discriminant threshold set at T5 1 the misclassi?cation rate 
of normals is 50% i.e. the probability of a subject With a 
discriminant score g in the range g>T51 of being abnormal is 
50%. In addition, TO and T101 are de?ned as the extreme 
values of discriminant outputs, namely: TOIO and T1O1:100. 
[0051] These values of Tk are used to map a discriminant 
score (Which carries no probabilistic signi?cance) to an 
objective probabilistic index Which is referred to as Brain 
Abnormality Index (BAI). This index can take any one of the 
100 integer values in the range {1, . . . 100}. The mapping is 
done in the folloWing Way. If the discriminant score g of the 
classi?cation falls in the bin [Tk_1,Tk),Where k:{ 1, . . . , 50}, 
then BAI is equal to k. Note that [a, b) denotes the range of 
values of variable x such that a§x<b. On the other hand, if the 
discriminant score g falls in the bin [Tk_l, Tk), Where k:{51, 
. . . 101 }, then BAI is equal to k-l. By plotting the BAI values 
against the values of Tk, a non-linear S-shaped mapping S is 
obtained, as shoWn in FIG. 3C. As Was explained in the above 
paragraph, a subject With a BAI index of x (x250) re?ects 
that the probability of this subject having normal brain func 
tion is 100-x (based on the statistical sample of subjects used 
to derive the CAC curves). Similarly, a subject With a BAI 
index of x (x250) re?ects that the probability of this subject 
having abnormal brain function is x—1 (based on the statisti 
cal sample of subjects used to derive the CAC curves). Note 
that the above construction Was meant to produce 100 pos 
sible values of the BAI index but that a construction yielding 
any number P (With the requirement that P22) of possible 
index values could be similarly derived. Note that the con 
struction of the non-linear mapping S is entirely determined 
by the classi?cation performance data and is therefore 
entirely “data-driven.” 
[0052] Using the method described above, the probability 
of correctness of the classi?cation result produced by any 
tWo-state classi?er can be derived. The probability index can 
also be represented as a function of the incoming data epochs 
to shoW the evolution or change in brain electrical signal over 
time. FIGS. 4A and 4B shoW the behavior of the Brain Abnor 
mality Index (BAI) and Brain Focality Index (BFI) as a func 
tion of clean epochs collected for a subject diagnosed With a 
stroke. As shoWn in the ?gure, the “Normal” vs. “Abnormal” 
classi?cation result is Within the “Abnormal, 95% con? 
dence” Zone (Brain Abnormality Index: 82), and therefore, 
the subject Was correctly classi?ed as “Abnormal.” A second 
classi?cation step Was then performed to identify Whether the 
abnormality in brain function Was diffuse or focal. As shoWn 
in the ?gure, the “Diffuse” vs. “Focal” discriminant score fell 
in the “Diffuse, 98% con?dence” Zone (Brain Focality Index: 
98, Brain Diffuseness Index: 2). Therefore, the subj ect’s brain 
state Was correctly classi?ed as “Focal”. FIG. 5 shoWs the 
evolution of BAI as a function of incoming data epochs for a 
normal subject. The “Normal vs. “Abnormal” test results 
Were Within the “Normal, 98% con?dence” Zone (Brain 
Abnormality Index: 1). Thus, the subject Was correctly clas 
si?ed as “Normal”, and further classi?cation (such as “Dif 
fuse vs. “Focal”) Was not performed. 

[0053] In an embodiment consistent With the present dis 
closure and the BxTM technology, the user interface 46 of 
device 10 is con?gured to display the classi?cation probabil 
ity indices graphically. As shoWn in FIG. 6, the device pro 
vides a graphic data screen shoWing a horiZontal index bar 
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With numerical indications of “Abnormality” and “Focality”. 
The user interface 46 may further display a Detailed Data 
screen, Which Would provide access to detailed data about the 
features that made the largest contribution to the abnormal 
classi?cation. From this screen, the user Would be able to 
access tabular screens showing values of the quantitative 
features and the Z-scores for each feature extracted from the 
artifact-free data epochs. 
[0054] In another embodiment, the results of the neuromet 
ric analysis, such as the BAI and BFI indices, are reported in 
the form of a 2-dimensional “BrainScope Abnormality Vec 
tor” (BAV) on the user interface 46. In yet another embodi 
ment, the BAV is superimposed on a BrainScope Index Map 
(BIM), Which re?ects the BAI and BFI values associated With 
different neurological states or brain dysfunctions. More spe 
ci?cally, a BrainScope Index Map is a graphical plot of the 
BAI and BFI generated from the reference database used to 
develop the indices. The BAI and BFI values associated With 
a particular brain state cluster together on the map, thereby, 
creating different regions or sections on the map that can be 
attributed to speci?c brain states, as shoWn in FIGS. 7 and 8. 
Non-linear decision boundaries corresponding to the clusters 
on the map may be draWn to partition the map into speci?c 
brain state regions. The BIM may be generated o?line using 
the reference database, and may be stored in the memory 52 
of the base unit 42. FIG. 7 shoWs BAVs 72, 74 and 76 for three 
different subjects plotted on a BrainScope Index Map (BIM). 
Based on these abnormality vectors, patient 72 may be diag 
nosed With a “stroke”, patient 74’s condition may be associ 
ated With “alcohol” and patient 76 may be identi?ed as “nor 
mal”. In yet another embodiment, the abnormality vectors of 
multiple tests performed sequentially on a subject over a 
period of time are plotted on a BIM as a trajectory 82 to chart 
the course of recovery or progression of a neurological con 
dition, as shoWn in FIG. 8. 

[0055] Further, in an embodiment consistent With the BxTM 
technology, the BIM stored in the memory 52 may be revised 
or re-plotted by the users of the brain-state assessment device 
10 based on the diagnostic outcomes of their oWn subject 
population. This Would alloW users to incorporate neW data 
into the BIM, and add neW segments or regions associated 
With brain dysfunctions not included in the initial map. Simi 
larly, the decision boundaries on the BIM may recon?gured 
by the users based on hoW the different brain states cluster on 
the BIM. 

[0056] In another embodiment consistent With BxTM tech 
nology, if a subject is identi?ed as “abnormal”, the processor 
51 initializes further discriminant classi?cation tasks (such 
as, “normal” vs. “stroke”, “normal” vs. “dementia”, etc.) to 
elucidate What condition resulted in the “abnormal” classi? 
cation. The additional discriminant classi?cations provide 
abnormality indices for speci?c brain abnormalities. For 
example, linear discriminant classi?cation betWeen a group 
of “normal” subjects and subjects diagnosed With a “stroke” 
or “bleed” provides a Brain Abnormality Index for abnormal 
brain function of type “Stroke or Bleed” (BAI_SB). Simi 
larly, linear discriminant classi?cation betWeen a group of 
“normal” subjects and “heavily drunk” subjects provide a 
Brain Abnormality Index for abnormal brain function of type 
“Alcohol” (BAI_Alc). In some embodiments, a brain abnor 
mality pro?le is used to report the abnormality indices asso 
ciated With different brain states, Which could potentially 
solve the problem of multiple disorders (such as stroke and 
alcohol, stroke and dementia, etc.) Where the user could be 
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uncertain Which abnormality dominates in the normal vs. 
abnormal classi?cation. The abnormality pro?le shoWn in 
FIG. 9, for example, helps to correctly classify a heavily 
drunk person as a stroke patient, since both the “BAI_SB” and 
“BAI_Alc” values are raised. That is, the BAI and the BFI 
values are correctly attributed to the stroke condition. 

[0057] Referring again to FIG. 1, the memory 52 of brain 
state assessment device 10 may further contain interactive 
instructions forusing and operating the device to be displayed 
on the screen of the user interface 46. The instructions may 
comprise an interactive feature-rich presentation including a 
multimedia recording providing audio/video instructions for 
operating the device, or alternatively simple text, displayed 
on the screen, illustrating step-by-step instructions for oper 
ating and using the device. The inclusion of interactive 
instructions With the device eliminates the need for extensive 
training for use, alloWing for deployment and use by persons 
other than medical professionals. The memory 52 may also 
contain the reference database. In an exemplary embodiment, 
the database may be accessed from a remote storage device 
via a Wireless or a Wired connection. Similarly, data collected 
from the subject by the brain-state assessment device 10 may 
be recorded in the database for future reference. 

[0058] The brain-state assessment device 10 can be a stan 
dalone system or can operate in conjunction With a mobile or 
stationary device to facilitate display or storage of data, and to 
signal healthcare personnel When therapeutic action is 
needed, thereby facilitating early recognition of emergency 
conditions. Mobile devices can include, but are not limited to, 
handheld devices and Wireless devices distant from, and in 
communication With, the device. Stationary devices can 
include, but are not limited to, desktop computers, printers 
and other peripherals that display or store the results of the 
neurological evaluation. In an exemplary embodiment, the 
brain-state assessment device 10 stores each patient ?le, 
Which includes a summary of the session and test results, on 
a removable memory card 47, such as compact ?ash (CF) 
card. The user can then use the memory card 47 to transfer 
patient information and procedural data to a computer, or to 
produce a printout of the data and session summary. In 
another embodiment, results from the processor 51 are trans 
ferred directly to an external mobile or stationary device to 
facilitate display or storage of data. For example, the results 
from the processor 51 may be displayed or stored on a PC 48 
connected to the base unit 42 using a PC interface, such as an 
USB port, IRDA port, BLUETOOTH® or other Wireless link. 
In yet another embodiment, the results can be transmitted 
Wirelessly or via a cable to a printer 49 that prints the results 
to be used by attending medical personnel. Further, the brain 
state assessment device 10 can transmit data to another 
mobile or stationary device to facilitate more complex data 
processing or analysis. For example, the device, operating in 
conjunction With PC 48, can send data to be further processed 
by the computer. In another embodiment consistent With the 
BxTM technology, the processor 50 transmits a raW, unproc 
essed signal acquired from a subject to PC 48 for analyZing 
the recorded data and outputting the results. The unprocessed 
brain electrical signals recorded from a subject may also be 
stored in a remote database for future reference and/ or addi 
tional signal processing. 
[0059] In an embodiment consistent With the present dis 
closure and the BxTM technology, user interface 46 may be 
con?gured to communicate patient information and/or pro 
cedural data to attending medical personnel, such as an ER 
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physician, a triage nurse, or an emergency response techni 
cian. Information that is conveyed through user interface 46 
can include a variety of different data types, including, but not 
limited to, diagnostic results (such as the Brain Abnormality 
Vector displayed on BIM), intermediate analysis results, 
usage settings, etc. In another exemplary embodiment, user 
interface 46 may receive and display usage setting informa 
tion, such as the name, age and/or other statistics pertaining to 
the patient. The user interface 46 comprises a touchscreen 
interface for entering the user input. A virtual keypad may be 
provided on the touchscreen interface for input of patient 
record ?elds. 

[0060] In an embodiment consistent With the present inven 
tion and the BxTM technology, the base unit 42 includes a 
stimulus generator 54, Which is operatively coupled to the 
processor 51, for applying stimuli to the subject to elicit 
evoked potential signals. Additionally, base unit 42 contains 
an internal rechargeable battery 44 that can be charged during 
or in betWeen uses by battery charger 39 connected to an AC 
outlet 37. 

[0061] The brain-state assessment device 10, developed in 
accordance With the BxTM technology, is designed for near 
patient testing in emergency rooms, ambulatory setting, and 
other ?eld applications. The device is intended to be used in 
conjunction With CT scan, MRI or other imaging studies to 
provide complementary or corroborative information about a 
patient’s brain functionality. The key objective of point-of 
care brain state assessment is to provide fast results indicating 
the severity of a patient’s neurological condition, so that 
appropriate treatment can be quickly provided, leading to an 
improved overall clinical outcome. For example, the device 
may be used by an EMT, ER nurse, or any other medical 
professional during an initial patient processing in the ER or 
ambulatory setting, Which Will assist in identifying the 
patients With emergency neurological conditions. It Will also 
help ER physicians in corroborating an immediate course of 
action, prioritizing patients for imaging, or determining if 
immediate referral to a neurologist or neurosurgeon is 
required. This in turn Will also enable ER personnel to opti 
miZe the utiliZation of resources (e.g., physicians’ time, use of 
imaging tests, neuro consults, etc.) in order to provide safe 
and immediate care to all patients. 

[0062] In addition, the brain-state assessment device 10 is 
designed to be ?eld-portable, that is, it can be used in loca 
tions far removed from a full-service clinicifor example, in 
remote battle?eld situations distant from military healthcare 
systems, during sporting events for identifying if an injured 
athlete should be transported for emergency treatment, at a 
scene of mass casualty in order to identify patients Who need 
critical attention and immediate transport to the hospital, or at 
any other remote location Where there is limited access to 
Well-trained medical technicians. 

[0063] Embodiments consistent With the present invention, 
using advanced signal processing algorithms and stored data 
of the brain activity of thousands of subjects having different 
neurological indications, may provide a rapid and accurate 
assessment of the brain state of a subject. The advanced signal 
processing algorithms may be executed by a processor 
capable of integration in a portable handheld device. The 
portable handheld device used With a reduced electrode set 
alloWs for a rapid, on-site neurological evaluation, and deter 
mining an appropriate course of treatment at the early stage of 
an injury or other acute brain disorder requiring immediate 
medical attention. 
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[0064] Other embodiments of the invention Will be appar 
ent to those skilled in the art from consideration of the speci 
?cation and practice of the invention disclosed herein. It is 
intended that the speci?cation and examples be considered as 
exemplary only, With a true scope and spirit of the invention 
being indicated by the folloWing claims. 

1 . A method of assessing brain state of a subject comprising 
the steps of: 

acquiring electrical signals from the brainusing at least one 
electrode channel; 

extracting quantitative features from the acquired signals; 
classifying the extracted features into one or more brain 

states; and 
computing a probabilistic index indicating the accuracy of 

the classi?cation. 
2. The method of claim 1, Wherein multiple probabilistic 

indices corresponding to different classi?cation tasks are 
computed. 

3. The method of claim 2, Wherein the multiple probabilis 
tic indices are reported as a multidimensional vector. 

4. The method of claim 2, Wherein the step of classifying 
the extracted features is performed using a reference data 
base. 

5. The method of claim 4, Wherein the reference database 
comprises of electrical brain activity signals/data from a plu 
rality of individuals in the presence or absence of brain abnor 
malities. 

6. The method of claim 4, further comprising the step of 
deriving an index map by graphically plotting the probabilis 
tic indices generated from the brain electrical activity data in 
the reference database. 

7. The method of claim 6, further comprising the step of 
modifying a decision boundary in the index map by incorpo 
rating neW data into the map. 

8. The method of claim 7, Wherein the multidimensional 
vector is plotted on the index map. 

9. The method of claim 1, Wherein the index computed is a 
Brain Abnormality Index (BAI) indicating the accuracy of a 
normal vs. abnormal classi?cation. 

10. The method of claim 1, Wherein the index computed is 
a Brain Focality Index (BFI) indicating the accuracy of a focal 
vs. diffused classi?cation. 

11. The method of claim 1, Wherein the electrical signals 
from the brain comprises spontaneous electrical activity. 

12. The method of claim 1, Wherein the electrical signals 
from the brain comprises evoked potentials. 

13. The method of claim 1, Wherein the electrical signals 
from the brain comprises spontaneous electrical activity and 
evoked potentials. 

14. The method of claim 1, Wherein the step of feature 
extraction is performed using diffusion geometric analysis. 

15. The method of claim 1, Wherein the step of feature 
extraction is performed using Wavelet packet transformation. 

16. The method of claim 1, Wherein the step of feature 
extraction is performed using Fast Fourier Transformation. 

17. The method of claim 1, Wherein the classi?cation is 
performed using a binary classi?er. 

18. The method of claim 17, Wherein the classi?er is a 
linear discriminant function classi?er. 

19. The method of claim 18, Wherein the probabilistic 
index is computed from the discriminant classi?cation score. 

20. The method of claim 19, further comprising the step of 
plotting Receiver Operating Characteristic (ROC) curves. 
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21. The method of claim 1, wherein the assessment of brain 
state is performed using a portable, handheld device. 

22. An apparatus for assessing the brain state of a subject, 
comprising: 

a headset comprising at least one electrode for acquiring 
brain electrical signals; 

a base unit; Wherein 
the base unit comprises a processor con?gured to utiliZe 

one or more operating instructions stored in a memory 
to perform feature extraction from the brain electrical 
signals, classify the extracted signal features into one 
or more brain states, and compute probabilistic indi 
ces of the classi?cation accuracy. 

23. The apparatus of claim 22, Wherein the processor is 
con?gured to output an objective assessment of the brain state 
of the subject. 

24. The apparatus of claim 23, Wherein the processor is 
con?gured to output the probabilistic indices. 

25. The apparatus of claim 22, further comprising a display 
Wherein a result of one or more operations performed by the 
processor is displayed. 
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26. The apparatus of claim 25, Wherein the probabilistic 
indices are reported on the display as horizontal index bars. 

27. The apparatus of claim 25, Wherein the probabilistic 
indices are reported on the display as a multidimensional 
Vector. 

28. The apparatus of claim 27, Wherein an index map 
generated from the probabilistic indices is reported on the 
display. 

29. The apparatus of claim 28, Wherein the multidimen 
sional Vector is superimposed on the index map. 

30. The apparatus of claim 28, Wherein the index map is 
stored in the memory. 

31. The apparatus of claim 28, Wherein the index map is 
partitioned into multiple regions corresponding to different 
brain states. 

32. The apparatus of claim 30, Wherein the processor is 
con?gured to accept instructions from a user to modify a 
decision boundary corresponding to a brain state on the index 
map. 


